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Soil organic matter (SOM) is a fundamental soil constituent. The estimation of this parameter in the
laboratory using the classical method is complex time-consuming and requires the use of chemical re-
agents. The objectives of this study were to assess the accuracy of two laboratory measurement setups of
the VIS-NIR spectroscopy in estimating SOM content and determine the important spectral bands in the
SOM estimation model. A total of 115 soil samples were collected from the non-root zone (0e20 cm) of
soil in the study area of the Triffa Plain and then analysed for SOM in the laboratory by the Walkley
eBlack method. The reflectance spectra of soil samples were measured by two protocols, Contact
Probe (CP) and Pistol Grip (PG)) of the ASD spectroradiometer (350e2500 nm) in the laboratory. Partial
least squares regression (PLSR) was used to develop the prediction models. The results of coefficient of
determination (R2) and the root mean square error (RMSE) showed that the pistol grip offers reasonable
accuracy with an R2 ¼ 0.93 and RMSE ¼ 0.13 compared to the contact probe protocol with an R2 ¼ 0.85
and RMSE ¼ 0.19. The near-Infrared range were more accurate than those in the visible range for pre-
dicting SOM using the both setups (CP and PG). The significant wavelengths contributing to the pre-
diction of SOM for (PG) setup were at: 424, 597, 1432, 1484, 1830,1920, 2200, 2357 and 2430 nm, while
were at 433, 587, 1380, 1431, 1929, 2200 and 2345 nm for (CP) setup.
© 2020 International Research and Training Center on Erosion and Sedimentation and China Water and
Power Press. Production and Hosting by Elsevier B.V. This is an open access article under the CC BY-NC-
ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
The soil is a vital and non-renewable natural resource with
potentially rapid degradation rates and extremely slow formation
and regeneration processes. It is a complex, heterogeneous and
self-organized system, extremely variable in chemical and physical
composition (Lavelle et al., 2007) both spatially and temporarily.
The physicochemical properties of soils determine their potential
and limitations for agricultural use (Leone et al., 2012; Tümsavaş,Mohammed First University,
ar).
g Center on Erosion and Sedimenta
nse (http://creativecommons.org/liTekin, Ulusoy, & Mouazen, 2018), but these vary inter- and intra-
fields. Whatever the scale is, it is essential to predict and map
variability accurately in order to manage farm input resources.
Soil organic matter (SOM) is an important parameter for soil
functions and is an indicator of soil fertility. It takes a major role in
forming and stabilizing soil aggregates for the long term sustain-
ability (Memon et al., 2018; Six, Conant, Paul, & Paustian, 2002).
Powlson, Brookes, Whitmore, Goulding, and Hopkins (2011) and
Hong et al. (2018) mentioned that SOM is the decisive factor of soil
fertility, and its content is directly related to the soil fertility
properties, such as nutrient holding capacity, soil microbial quan-
tity and activity, soil water-holding capacity, nutrient use efficiency
and crop yield. St Luce et al. (2014) indicated that assessment andtion and China Water and Power Press. Production and Hosting by Elsevier B.V. This
censes/by-nc-nd/4.0/).
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management practices that will enhance and maintain the pro-
ductivity of agricultural soils. Jakab, Rieder, Vancsik, and Szalai
(2018) noted that natural SOM systems can be disturbed by phys-
ical and chemical effects, such as agricultural land use. In north-east
Morocco, like other parts of the world, intensive agriculture a
commonpractice to respond to the strong demand for food, leading
to a non-rational use of fertilizers and the increase soil erosion,
causing loss of SOM. That is why, it necessary to identify and un-
derstand the Spatio-temporal distribution of SOM in order to
optimize the use of farm input (e.g., fertilizers, seed rate) on a
specific site.
The use of traditional soil analytical techniques in laboratories in
order to identify and determine SOM and other soil physicochem-
ical properties is complicated, expensive and requires much of time
and effort. Thus, alternative or complimentary techniques for soil
characterization are needed for both in situ and laboratory condi-
tions. Currently, visible-near-infrared and shortwave-infrared (VIS-
NIR-SWIR) spectroscopy represents an alternative method for soil
analysis and quantification, is a fast, non-destructive, environ-
mentally friendly (does not use the chemical reagents), repeatable
analytical technique and requires minimal sample preparation
(Gholizadeh, Boruvka, Saberioon, & Vasat, 2013; Lazaar et al., 2019;
Leone et al., 2012; Sun, Li,& Niu, 2018). It is widely used to measure
key soil properties, such as soil organic carbon (SOC) (Gomez,
Viscarra Rossel, & McBratney, 2008; Jiang, Chen, Guo, Fei, & Qi,
2016; Stevens et al., 2006, 2010; Xie, Yang, Drury, Yang, & Zhang,
2011), calcium carbonates (CaCO3) (Ben-Dor & Banin, 1990; Cecile
et al., 2008; Lagacherie, Baret, Feret, Madeira Netto, & Robbez-
Masson, 2008), texture (Curcio, Ciraolo, D’Asaro, & Minacapilli,
2013; Lagacherie et al., 2008; Virgawati et al., 2018), and total or
organic nitrogen (Gomez, Oltra-Carrio, Bacha, Lagacherie, &
Briottet, 2015; He, Song, Pereira, & Gomez, 2005; Tümsavaş et al.,
2018). Vasat et al. (2014) indicated that SOM is one of the main
soil parameters that can be predicted with reflectance spectros-
copy, as it affects notably the shape and nature of soil reflectance
spectra (Gholizadeh et al., 2013; Gomez, Lagacherie, & Coulouma,
2008; Gomez, Viscarra Rossel, et al., 2008).
VIS-NIR-SWIR proximal sensing is based on the development of
empirical models in which the concentration of soil constituent is
predicted from complex spectral data (Coûteaux, Berg, & Rovira,
2003) including visible (VIS: 350e780 nm), near-infrared (NIR:
780e1100 nm) and short-wave infrared (SWIR: 1100e2500 nm)
bands. Xie et al. (2011) discovered that the evolution of advances in
chemometric methods goal the application of NIR spectroscopy
technique in Soil Science. Different datamining techniques are used
to extract useful and quantitative information from soil spectra,
including machine-learning and regression techniques. Many re-
ports demonstrated the superiority of the machine-learning tech-
niques over regression techniques in soil analysis (Mouazen, Kuang,
De Baerdemaeker, & Ramon, 2010; Nawar & Mouazen, 2017;
Viscarra Rossel& Behrens, 2010), as they account for the non-linear
spectral responses. However, many authors have shown that the
partial least squares regression (PLSR) method as one of the best
chemometric tools for predicting SOM (Bao, Wu, Ye, Yang, & Zhou,
2017; Chen, Pan, Chen, & Lu, 2011; Demattê, Ramirez-Lopez, Mar-
ques, & Rodella, 2017; He et al., 2005; Hong et al., 2018; Jakab et al.,
2018). Apart from the modelling method applied, the quality of
prediction is associated with three major factors: (i) soil sample
preparation (e.g., processed or fresh soil samples), (ii) the instru-
ment used for measurement (e.g., type of detector, spectral range,
spectral resolution, light source used), and (iii) the applied labo-
ratory protocols (Ben-Dor, Ong, & Lau, 2014; Gholizadeh, Carmon,
Klement, Ben-Dor, & Boruvka, 2017; Rosero-vlasova, Peerez-
Cabello, Lloveria, & Vlassova, 2016).The aim of this work was to investigate the performance of VIS-
NIR diffuse reflectance spectroscopy for the prediction of SOM in
irrigated land of Triffa Plain of the north-east Morocco, using two
protocols (Contact Probe (CP) and Pistol Grip (PG)) of measuring the
reflectance spectra of the ASD FieldSpec III spectroradiometer. The
study also aimed to determine the important spectral bands in the
SOM prediction model of each protocol.
2. Material and methods
2.1. Study area and soil sampling
The irrigated perimeter of the Triffa Plain is located in the
eastern Morocco (longitude 3456032.6700 N; latitude 224005.9500
W) and cover an area of 560 km2 with an altitude of 120e200 m
above sea level (Fig. 1). The study area has a semi-arid climate with
an average annual precipitation of 330 mm and mean temperature
of 24 C (Fekkoul, 2012). It represents the most fertile and pro-
ductive agricultural region in the north-eastern Morocco. It is
characterized by a diversity of soil types, represented mainly by the
isohumic, rendzina, brown calcareous, fersialitic, less-developed,
and hydromorphic soil (Lazaar, 2016). The isohumic soils corre-
spond to thick soils with the black to brown colour, rich in Organic
Matter (OM) with a lumpy structure and fertile agricultural lands.
Rendzina soil types are also called calcimagnesian soils. They are
developed from calcareous parent rocks, in which their OM is
rapidly decomposed and the humidification process is blocked due
to the excess of calcium that slows down alteration (Aubert, 1965).
Calcareous brown soils are also developed from calcareous parent
rocks with an upper organo-mineral horizon (A1). These soils are
stony, deep and provide the best agricultural land in the Triffa Plain.
Red soils, known as fersialitic soils, are fertile, but are very erodible
by both wind and water. Hydromorphic soils and less-developed
soils represent only a small position in the study area (Lazaar, 2016).
The sampling locations were chosen with a sampling scheme
prepared with ArcGIS software in which the most sampling loca-
tions are representative of the major landforms and land cover
types of the study area. Soil samplingwas carried out during August
2018. This time period was selected to ensure a high proportion of
bare soils within the study area after harvest and ploughing of most
of cereals, sugar beets and potato fields. A total of 115 soil samples
were collected from the topsoil zone (0e20 cm) of the different soil
types situated in this plain (isohumic, rendzina, brown calcareous,
fersialitic, less-developed, and hydromorphic soils) with at a den-
sity of one sample per 1.5 km2 using a mechanical auger while the
localization of soil samples was recorded by a Garmin GPS portable.
The totality of soil sampling was carried in a vast plain landforms
with soft topography dominated the study area and in two land-use
types: in agricultural lands covered by several fields of cereals (35
soil samples), sugar beets (10 soil samples), potatoes (10 soil sam-
ples), citrus (15 soil samples), olives (10 soil samples) and water-
melon (8 soil samples) and in the uncultivated bare-land (27 soil
samples). Each soil sample was then split into two sub-samples:
one was used for the laboratory spectral measurements, while
the other was used for the laboratory physicochemical analysis of
five soil properties: SOM, soil pH, Calcium carbonates (CaCO3),
available phosphorus (P5O2) and the electrical conductivity (EC).
The SOM was determined using the WalkleyeBlack method
(Walkley & Black, 1934) and the soil pH was measured potentio-
metrically in distilled water (Lazaar et al., 2019). The calcium car-
bonates were determined by the Bernard calcimeter method
according to the AFNOR NF P 94-048 (2003) norm. For the available
phosphorus of the soil was extracted with a combined solution of
0.1 M HCl and 0.03 M NH4F and the measurements were made
using an ultraviolet (UV) spectrophotometer (Sacko, Sanogo,
Fig. 1. The study area location in irrigated perimeter of the Triffa Plain (north-east of Morocco).
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by 1: 5 soil: H2O extract method (Rayment & Higginson, 1992).
2.2. Spectral measurement and pre-processing
All collected soil samples were air-dried at 100 C for 24 h and
then sieved through at 2 mm sieve, and then stored in optical-glass
Petri dishes with a diameter of 95 mm and a thickness of 15 mm.
The reflectance spectra of the soil samples were measured in the
laboratory in the visible (VIS: 350e780 nm), near-infrared (NIR:
780e1100 nm) and short-wave infrared (SWIR: 1100e2500 nm)
ranges using an ASD FieldSpec III Pro spectroradiometer, with a
spectral resolution of 2 nm for the region situated between 350 and
1050 nm and 10 nm for the range between 1050 and 2500 nm
(Gholizadeh et al., 2017). Two laboratory setups were used for
measuring soil spectra: (i) the contact probe (CP) and (ii) the pistol
grip with illuminator lamp (PG) (Fig. 2).
For the first configuration (Fig. 2a), before each measurement,
the surface of soil samples placed in the Petri dishes must be
pressed with a spatula to ensure maximum diffuse reflectance and
to obtain a low signal-to-noise ratio (Mouazen, Maleki, DeFig. 2. Soil spectra measurement with two laboratory setups: (a) Contact probe (CP) setup, (
grip (PG) with illuminator lamp setup.Baerdemaeker, & Ramon, 2007; Xu, Shi, Wang, & Zhao, 2016). A
high-intensity contact probe internal light source composed of a
reflectorized halogen lamp aligned at 12 with a measurement spot
size of 10 mm and attached with an optical probe cable of the
spectroradiometer, were pasted directly on each soil surface. The
scan of soil spectra was repeated 10 times at five random points of
the soil sample, in order tominimize the risk of shadows and errors
associated with stray light (Rosero-vlasova et al., 2016). The contact
probe setup was calibrated with a white reference (spectralon)
once every 10 measurements.
For the second setup, measurements of soil spectra were con-
ducted with an optical probe integrated into a pistol grip with an
illuminator Halogen lamp of 65 W as a relative source illumination.
This halogen lamp was fixed vertically with a height of 17 cm to the
Petri dish, while the pistol grip was attached to another tripod with
an aiming angle of 45 relative to the vertical axis and a height of
7 cm (Fig. 2b). The Petri dishes of soil samples were deposited in a
circle previously drawn in the manipulation table in order to
minimize the error of measurement, and before each scan of soil
spectra, the sensor was calibrated with the white reference, and
recalibrate every 10 successive measurements (10 soil samples).b) pistol grip (PG) with illuminator lamp setup, and (c) geometry configuration of pistol
A. Lazaar et al. / International Soil and Water Conservation Research 8 (2020) 195e204198In order to enhance the SOM model prediction, the spectro-
scopic data acquired in the two-setups of laboratory measurement
needed several pre-treatments. The aim of this pre-processing was
to remove the undesired variation in the data (Leone et al., 2012).
Spectral regions 350e399 nm and 2451e2500 nm were removed
because they are affected by the noise. The measured reflectance
spectra (400e2450 nm) of soil samples were transformed into
absorbance (log 1/R) to improve correlation to sample concentra-
tion (Bellon-Maurel, Fernandez-Ahumada, Palagos, Roger, &
McBratney, 2010; Ji et al., 2016). Several pre-treatments were
considered such as the standard normal variate and detrending for
reducing scatter and particles size effects and to remove the linear
or curvilinear of the spectrum (Barnes, Dhanoa, & Lister, 1989), the
mean and maximum normalization, the multiplicative scatter, and
the first and second derivate (Fystro, 2002; Mouazen, Saeys, Xing,
De Baerdemaeker, & Ramon, 2005; Van Waes, Mestdagh, Lootens,
& Carlier, 2005). Moreover, in order to create a robust model pre-
diction of SOM, many pre-treatment methods were tested, such as
the standard normal variate (SNV), detrend, a combination of SNV
and detrend, multiplicative scatter and maximum normalization.
Finally, the transformation of reflectance into absorbance (log1/R)
and the applied of first derivative transformationwith the Savitsky-
Golay smoothing algorithms (Savitzky & Golay, 1964) with a win-
dow size of 10 and polynomial of order 2 was chosen as the opti-
mum data pre-treatment method. All pre-treatments and
procedures were conducted using Unscrambler 10.4 software.2.3. Partial least squares regression (PLSR) analysis and IDW GIS-
Kriging
2.3.1. Partial least squares regression method
PLSR is the widely most used method for spectral calibration
and prediction (Ji et al., 2016) because it gives more stronger
correlated results compared to the different multivariate methods
(Bogrekci & Lee, 2004; Chang, Laird, Mausbach, & Hurburgh, 2001;
Tümsavaş et al., 2018). In this study, the PLSR technique coupled
with cross-validation was used to create and establish a model
prediction between the soil spectra of soil samples and the refer-
ence value of SOM. Twomodel calibrations were developed, one for
the contact probe configuration and the second for the pistol grip
configuration. The selection criteria for evaluating the performance
of model prediction is based on coefficient of determination (R2)
value, and the rootmeans square error of prediction (RMSEP) (Aïchi
et al., 2009; Mouazen et al., 2007; Viscarra Rossel, Walvoort,
McBratney, Janik, & Skjemstad, 2006).
Before running the analysis of SOM prediction using the PLSR
method for the two measurement protocols, the data set was
divided into a calibration set (75 % or 85 soil samples) will allow us
to create the model and a validation set (25% or 30 soil samples)
which measures the error of the final model on data it has never
seen before. For this validation set cannot be considered to be
completely independent from the calibration set due to the spatial
autocorrelation in spectral data or SOM content arising between
samples situated in close proximity or belonging to the same field.2.3.2. Spatial variability mapping of SOM with IDW interpolation
method
IDW is one of the most applied and deterministic interpolation
techniques used in soil science for mapping the spatial variability of
soil proprieties (Xu, Li, Li, Lu, & Wang, 2013). The mapping of SOM
variability in the study area was created using ArcGIS software,
using the inverse distance weighting (IDW) interpolation method,
in order to evaluate the influence of the laboratory procedures on
the statistical model predicted for the (CP) and (PG) setups.2.4. Statistical analysis
The data of soil chemical analysis were identified by several
statistical parameters such as mean, maximum, minimum, stan-
dard deviation, variance, median range, skewness and kurtosis.
Mean, maximum, minimum and median were used to describe the
central tendency and distribution of soil parameter values. The
standard deviation, range and variance were used to measure the
dispersion between the soil parameters. The skewness and kurtosis
were used to measure the asymmetry of the soil parameters and
describes the extent of the degree of flatness. The descriptive sta-
tistics were conducted using Unscrambler 10.4 software.
3. Results and discussion
3.1. Soil properties
Summary statistics for the soil samples of Triffa plain, including
minimum, maximum, mean, Standard Deviation (SD), variance,
median, range, skewness and kurtosis are shown below (Table 1).
The SOM content of the reference dataset is ranged from 1.12% to
3.30% with a mean of 2.27% and an SD of 0.5. The skewness of 0.90
and a kurtosis of 0.56 indicate that the SOM content of dataset has a
normal distribution. According to the SOM results of samples, the
soils of Triffa plain are characterized by low to medium SOM con-
tents (Carr, 2018; Lazaar et al., 2019). The spatial variability of SOM
content is probably due to the nature of topsoils (isohumic,
rendzina, brown calcareous, fersialitic, less-developed, and hydro-
morphic soils), soil textures, soil degradation and the percentage of
CaCO3 content. Concerning the CaCO3 content, the samples rep-
resented a wide range of CaCO3 ranged from 0 to 38.69% with a
mean value of 8.72 %. According to the AFNOR NF P 94-048 (2003)
norm, the soils in the study area are generally characterized by
slightly to moderately calcareous soil classes. Our results confirm
those obtained by Lazaar et al. (2019) and Ruellan (1971). The
assessment of soil salinity is based on electrical conductivity (EC)
data and their spatial distribution. The EC value of soil samples is
varied between 0.11 and 0.9 ms/cm, according to Horneck, Sullivan,
Owen, and Hart (2011), the soils of Triffa plain are characterized by
low salinity. Soil pH ranged from 6.94 to 7.84 with a mean value of
7.39. Following the soil pH range edited by Horneck et al. (2011), the
soils in the study area are considered moderately alkaline (95% soil
samples) and others are neutral (5% soil samples). The results of our
work confirmed those obtained by Bendra et al. (2012) and Lazaar
et al. (2019). The available phosphorus of soil samples varied from
0.45 to 357.68 ppm with a mean of 74.73 ppm. According to
Horneck et al. (2011), the Triffa plain is characterized by soils with a
wide range of available phosphorus content varied between low
(3%), medium (10%), high (80) and excessive.
Also statistics for the SOM content in all soil samples used in the
calibration and validation models of the two measurement setups
is varied between 1.12 and 3.30% for the calibration samples and 1.5
to 3.27 for the validation samples (Table 1).
3.2. Comparison between soil spectra and data pre-treatment
The results of the two measurement setups (CP) and (PG) of soil
spectra showed that all soil samples have similar reflectance
spectra in the range between 400 and 2450 nm, where the reflec-
tance was generally lower in the VIS range (400e780 nm) and
higher in the NIR range (781e2450 nm). These spectra present two
small absorption peaks appear at 430 nm and 530 nm in the visible
range, due to the presence of iron oxides and blue colour absorption
bands (Sherman & Waite, 1985; Tekin, Tumsavas, & Mouazen,
2012). In the NIR range, three distinct absorption peaks are
Table 1
Descriptive statistics of soil chemical analysis (n ¼ 115 soil samples) and SOM distribution in analysed samples used in the calibration and validation models.
Descriptive statistics soil chemical analysis (N ¼ 115 soil samples) SOM (%) distribution in analysed samples used in the calibration and
validation models for the PG and CP configurations
P5O2 (ppm) pH EC (ms/cm) CaCO3 (%) SOM (%) Calibration (N ¼ 85 soil samples) Validation (N ¼ 30 soil samples)
Mean 74.738 7.399 0.388 8.721 2.270 2.20 2.20
Max 357.682 7.840 0.964 38.690 3.300 3.30 3.27
Min 0.458 6.940 0.116 0 1.127 1.12 1.50
Standard Deviation 78.349 0.199 0.197 8.427 0.547 0.547 0.507
Variance 6138.563 0.039 0.038 71.025 0.300 0.300 0.327
Median 48.113 7.400 0.364 5.952 2.262 2.262 2.195
Range 357.225 0.900 0.848 38.690 2.172 2.172 1.907
Skewness 1.996 -0.018 0.667 -0.224 0.902 0.028 -0.263
Kurtosis 3.727 -0.782 -0.164 -0.419 0.568 -0.980 -0.872
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The absorption at 1415 nm and 1915 nm is strong and caused by
absorption atmospheric of moisture (Nocita et al., 2014;Whiting, Li,
& Ustin, 2004) and the presence of both hydration and crystalli-
zation water (vibrational frequencies of\OH groups in the water)
(Bishop, Pieters, & Edwards, 1994). While the peak near 2200 nm is
due to the absorption of AleOH and clay minerals (Viscarra Rossel
& Behrens, 2010). In the range between 2000 and 2450 nm, a clear
difference in reflectance spectra is marked for the both setups (CP
and PG), according to Bishop et al., (1994) that’s can be due to the
characteristics of soil organic matter and clays minerals.
Comparing the reflectance intensity for the two measurement
setups: The spectral curves obtained by the pistol grip configura-
tion of these soils have a greater reflectance intensity than contact
probe configuration. The differences in reflectance spectra and
their intensity between the two laboratory setups can be due to the
standard protocol and conditions for measuring soil spectra,
problems related to unstable illumination, personnel may have
negative consequences and affect comparability of the results and
other environmental conditions (Schaepman & Dangel, 2000;
Viscarra Rossel et al., 2006).
Moreover, the differences in reflectance spectra and their in-
tensity between the soil samples of each setup separately can
attributed to the variations in the SOM content and other soil
properties (Table 1). Fig. 4 describes the results of the first derivate
with Savitzky-Golay method obtained in the pre-treatment step.Fig. 3. Spectra of soil samples as measured by the con3.3. Results of cross-validation and independent validation and
SOM mapping
The results of the model performance statistics are summarized
in Table 2 and Fig. 5, which plot the laboratory measured and
predicted SOM concentrations using PLSR analysis for the calibra-
tion and validation data sets.
The pistol grip (PG) measurement setup gives the best calibra-
tion quality (R2 ¼ 0.90) for the SOM content, compared to the
contact probe measurement setup (R2 ¼ 0.84). This performance is
stronger than that found by (Rosero-vlasova et al., 2016) for SOM
with R2 ¼ 0.77 for the pistol grip setup and R2 ¼ 0.74 for the contact
probe setup. The RMSE obtained with the PLSR method is 0.17 and
0.24 for the SOM, respectively, with the pistol grip and the contact
probe setups, which shows the better quality of the model. On the
other hand, the contact probe setup is the widely accessories used
in VIS-NIR soil spectroscopy by many authors (Kawamura et al.,
2017; Tümsavaş, 2017; Xu et al., 2016) in order to predict soil
proprieties compared to the pistol grip with illuminator lamp
configuration. However, in our study, the better results were ob-
tained by the pistol grip setup rather than the contact probe setup,
which accords with (Rosero-vlasova et al., 2016).
The accuracy of results of the independent validationmodels are
given in Table 2 and Fig. 5. The PLSR models of the pistol grip and
contact probe setups have a coefficient of determination of 0.93 and
0.85 respectively and a root means square error (RMSE) of 0.13 for
the pistol grip (PG) setup and 0.19 for the contact probe (CP). Thesetact probe (a) and pistol grip (b) configurations.
Fig. 4. Pre-treatment of the NIR spectra ((a): contact probe configuration; (b): pistol grip configuration).
Table 2
The performance of the calibrated models according to the two strategies (CP and
PG) used to measure the spectral data.
Calibration Validation
R2Cal (%) RMSE Cal R2Val (%) RMSE Val
(PG) Configuration 0.90 0.17 0.93 0.13
(CP) configuration 0.80 0.24 0.85 0.19
A. Lazaar et al. / International Soil and Water Conservation Research 8 (2020) 195e204200values of R2 and RMSE of the independent validation are above and
better comparatively than those achieved by the corresponding
calibrations. This result demonstrates the positive and the higher
quality of calibration and validationmodels in order to estimate the
SOM in all soil samples. The models based on the pistol grip setup
showed a high predictive accuracy of SOM with variance of 90%
compared to the contact probe configuration. From our study, we
suggest the researchers for using the pistol gripe setups in the
laboratory for the SOM prediction in order to confirm our results.
The main objective of mapping of SOM with the IDW interpo-
lation is to compare the map of laboratory referencemeasurementsFig. 5. Scatter plots of measured against predicted values of SOM content based on the PLS
contact probe (CP): The graphics (a) and (b) corresponding to the results of the PLSR metho
and (d) corresponding to the PLSR results of validation data for the (PG) and (CP) setups rewith the map of the two setups of laboratory Vis-NIR spectroscopy
prediction in the study area. The results of this IDW interpolation of
the measured and predicted SOMwith the contact probe and pistol
grip setups are shown in Fig. 7. Comparing the map of the spatial
distribution of SOM results by the two measurement setups of
spectroscopy (pistol grip setup (Fig. 6b) and contact probe setup
(Fig. 6c) referred to the map of measured SOM with the traditional
laboratory method (WalkleyeBlack) (Fig. 6a), show the high spatial
similarity of the predicted models of SOM with the two setups of
Vis-NIR spectroscopy, compared with the reference measurement
in the laboratory. In addition, the grip pistol setup method with a
coefficient of determination R2 ¼ 0.93 and root mean square error
(RMSE) of 0.13, provide a higher prediction of SOM relative to the
contact probe setup with R2 ¼ 0.85 and RMSE of 0.19. A minor
difference in the spatial distribution of SOM is observed in the
north-eastern part of the study area for the contact probe setup.
Therefore, the grip pistol setup of the Vis-NIR spectroscopy system
used in this study can be considered as a promising and accurate
tool to provide intensive information of SOM and offers a map with
much-improved detail, compared to the traditional laboratory an-
alyses, which are complicated, expensive and time consuming.R method of the calibration and validation set for both setups the pistol grip (PG) and
d for the calibration data of the (PG) and (CP) setups respectively. Also, the graphics (c)
spectively.
Fig. 6. Maps comparison of Spatial distribution of SOM content between the measured SOM in laboratory (a) and predicted SOM by data of Vis-NIR spectroscopy for the two
measurement setups pistol grip (b) and Contact probe (c).
Fig. 7. B coefficient curves obtained from PLSR analyses of the two measurement setups (Contact probe (CP) and Pistol grip (PG)).
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The contribution of each band of the VIS-NIR spectral range of
the SOM content predictionmodels is distinct from the b coefficient
of PLSR. The regression coefficients (or b coefficient) summarizes
the association between all predictors and a given response and
provide information about the importance of the X-variables. Tekin
et al., 2012 indicated that the plot of coefficient regression illus-
trates the importance of wavelengths associated with properties, in
this case of our study SOM content. Fig. 7 shows the regression
coefficient of the two laboratory setups CP and PG from the cross-
validation PLSR analysis for SOM.
Comparing the regression coefficient curves of the contact
probe configuration with the pistol grip configuration in the range
between 400 and 2450 nm reveals substantial similarities, partic-
ularly for significant absorption wavelengths 1430, 1929 and
2220 nm. The wavelengths appear at 1430 nm and 1920 nm were
related towater absorption (Hong et al., 2018;Mouazen et al., 2007;
Nocita et al., 2014; Viscarra; Viscarra Rossel & Behrens, 2010), and
the wavelength appears at 2200 nm due to the lattice OH in clay
minerals (Nocita et al., 2014; Viscarra; Viscarra Rossel & Behrens,
2010).
For the pistol grip (PG) setup, the most important peaks used to
predict SOM are situated in the visible range for the wavelengths
424, 500, 521 and 597 nm and in the NIR range for the wavelength
840, 1379, 1432, 1484, 1830, 1920, 2200, 2357 and 2430 nm. Con-
cerning the contact probe (CP) setup the important peaks appear in
the visible range for the wavelengths 433, 470, 483, 517, 553, 587
and 615 nm, and in the NIR range for 830, 1004, 1380, 1431,1929,
2041, 2200 and 2345 nm.
In the visible range, the significant wavelengths at 424 nm for
(PG) and 433, 470 and 483 nm for (CP) setups can be attributed to
blue colour absorption (Tekin et al., 2012). The absorbance peak
near 500 nm, 521 and 597 nm for the (PG) and near 517, 553 and
587 nm for the (CP) setups be could due to the chromophore FeOOH
found in goethite, free iron oxides and small amounts of hematite
(Fe2O3) (Ben-Dor et al., 2008; Viscarra; Mortimore, Marshall,
Almond, Hollins, & Matthews, 2004; Viscarra Rossel & Behrens,
2010). In the NIR region, the band found at 840 nm and 830 nm
for (PG) and (CP) setups respectively can be associated to the
chromophorous constituents iron oxides mainly hematite and
goethite (Sherman & Waite, 1985) and to the SOM content (Ben-
Dor, Irons, & Epema, 1999). The highest correlation b coefficients
were observed in the range between 1000 and 2450 nm for both
setups (CP and PG). The featured absorption bands around 1379,
1432, 1484, 1830 and 1920 nm for the (PG) and 1380, 1431, 1830,
2041 and 2200 nm for the (CP) setups were considered in detail for
their relationships with clay, soil water content, and SOM content
(Hong et al., 2018; Mouazen et al., 2007; Nocita et al., 2014; Viscarra
Rossel & Behrens, 2010; Thomasson, Sui, Cox, & AleRajehy, 2001).
The wavelengths appear at 2357 nm and 2430 nm for the (PG) and
2345 nm for the (CP) configurations can be attributed to AleOH
bend plus OeH stretch combinations, that are diagnostic absorp-
tion features in clay mineral identification (Clark, King, Klejwa,
Swayze, & Vergo, 1990). From the discussion above it can be
concluded that the near infrared (NIR) spectrum were more accu-
rate than those in the visible (VIS) spectral range for predicting
SOM using both setups (contact probe(CP) and grip pistol (PG)),
which confirms the results obtained byMilos and Bensa (2017). The
significant wavelengths contributing to the prediction of SOM for
the pistolet grip (PG) setup were at 424, 597,1432,1484, 1830,1920,
2200, 2357 and 2430 nm, while were at 433, 587, 1380, 1431, 1929,
2200 and 2345 nm for the contact probe setup (CP).4. Conclusions
The present study demonstrated the ability of the combined
application of soil Vis-NIR spectroscopy and the PLSR method to
analyse and predict the SOM of the soils of the Triffa Plain of north-
east Morocco using two laboratory setups, the contact probe (CP)
and pistol grip (PG) and the IDW interpolation method for map-
ping. The mains conclusions are:
1) Vis-NIR spectroscopy is a useful tool for predicting the SOM in
the irrigated perimeter of Triffa Plain.
2) The pistol grip setup gives the highest calibration quality for
SOM content compared to the contact probe measurement
setup.
3) The PLSR is widely and most used method for spectral calibra-
tion and prediction, because it gives more stronger correlated
results of SOM with the laboratory Vis-NIR spectroscopy
measurements.
4) The pistol grip setup measurement of the Vis-NIR spectroscopy
system used in this study can be considered as a promising and
accurate tool to provide intensive information on SOM. Is offers
a map with much-improved detail, compared to the contact
probe setup and to the traditional laboratory analyses which are
complicated, expensive and time consuming.
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